Partial Least Squares Discriminant Analysis (PLS-DA) is employed to obtain novel combinations of energetic terms present in classical scoring functions, which exceed and compensates the "traditional" consensus scheme. These novel scoring functions were involved to rank the database of indirubin inhibitors of glycogen synthase kinase-3β and cyclin dependent kinase-2 decoys from Directory of Useful Decoys. The ability of docking-scoring algorithm to prioritize the actives is assessed by means of several metrics. The best classification function includes donor component of Chemgauss2, steric contribution from Chemgauss3 and rotatable bond term of ScreenScore and provide significant improvement of enrichment factor at 5% of database.
Introduction
Molecular docking is an important tool for drug discovery. A large number of docking programs has been developed in the last years based on a variety of algorithms [12] [13] [14] . The use of docking algorithms in partnership with scoring functions to prioritize potentially active molecules from chemical libraries is now one of the most frequent prototypes of virtual screening. In the current study we used FRED (Fast Rigid Exhaustive Docking) developed by Open Eye Scientific Software because of its rapidity -only few seconds per ligand, which is significantly superior to most docking programs which usually allocate minutes per ligand [15] [16] [17] [18] [19] [20] [21] . The current report is concerned with a specific application of the protocol developed by our group, called Partial Least Squares Discriminant Analysis -Docking Optimized Combined Energetic Terms (PLSDA-DOCET) [22] . The PLSDA-DOCET algorithm [22] consists of two steps: (i) to reduce the data and to find the energetic terms, ETs, (the ETs of seven scoring functions available in FRED) that best discriminate the actives from the decoys by applying Central European Journal of Chemistry Implementation of PLS discriminant analysis to rank indirubin derivatives against decoys Recently, the interest for glycogen synthase kinase-3 (GSK-3) inhibitors increased significantly due to their promising pharmacological potential [1] [2] [3] . The elucidation of pharmacological role and mechanism of action represents the mainsprings of the continuous attention devoted to these compounds. Indirubins are bis-indole derivatives, which showed inhibitory activity upon GSK-3β. It has been shown that indirubin displays several pharmacological roles such as: (i) apoptosis induction in leukemic cells [4] [5] [6] ; (ii) inhibition of the interferon-gamma production [7]; (iii) inhibition of the rabbit muscle glycogen phosphorylase β and aryl hydrocarbon receptor [8] [9] [10] . Since indirubin and its analogs inhibit cyclin dependent kinases (CDKs) and GSK-3β by ATP -competitive mechanism, this holds strong promises for the treatment of cancer and other diseases [11] , conferring considerable relevance to the investigation of indirubin derivatives. PLS-DA method; (ii) to identify the most successful combination showing the best early enrichment, the best overall discriminative power and both characteristics simultaneously. The aim of the current paper is to propose a novel, validated scoring function which exhibit superior performance for early enrichment of active compounds involving the ATP binding site of GSK-3β as target. The validation procedure uses a set of indirubins with selectivity towards GSK-3. The obtained scoring function can be used in virtual screening experiments to identify new GSK-3 inhibitors, with a certain degree of similarity against indirubin derivatives.
Computational details 2.1. Dataset preparation and docking procedure
A variety of indirubin derivatives were identified as powerful inhibitors of GSK3β [5] . The current data set consists of 109 indirubin derivatives [23] [24] [25] [26] [27] presented in Table 1 (see the corresponding SMILES codes in the Supplementary Information). In this work the indirubin derivatives are considered active, as they produce IC50 values below 200 μM in a GSK-3 inhibition assay (in Table 1 the domain for these values is between 200 -0.0013 μM). These indirubin derivatives were assembled with a decoy set of 1778 molecules designed for CDK2 downloaded from DUD (Directory of Useful Decoys), which includes ionization states and tautomers, a total of 2070 distinct species [28, 29] . The tautomers and ionizations states of indirubin derivatives were generated with LigPrep module from the Schrödinger package [30] , in the pH range of 7.4±2.0. We used two criteria to define this combined (GSK-3β, CDK2) dataset. First, we have considered the high identity/similarity (52.9%/85%) of the amino acid binding sites between GSK-3β and CDK-2 [28] . Second, the similarity test (based on MACCS fingerprints and Tanimoto coefficient) applied to indirubin derivatives and CDK-2 actives downloaded from DUD database, demonstrated structural similarity. Hence, 35.8% of indirubin derivatives show a Tanimoto similarity coefficient higher than 0.75 with at least one active from DUD database.
The CDK-2 decoys set has been considered inactive, even if they have not been experimentally tested against GSK-3β. It is worth mentioning that the molecule ZINC03814440, an compound included in CDK-2 actives from DUD, is an indirubin derivative with experimentally determined biological activity on both kinases GSK-3β (IC 50 = 280 nM) and CDK-2 (IC 50 = 35 nM) [28] , and most part of CDK-2 active data set from DUD is purine-like inhibitors, a class of compounds that are active also against . This fact suggests the opportunity to consider the CDK-2 decoys instead of specially designed decoys against GSK-3. The conformational sampling of the indirubin derivatives and the decoy set has been carried out with the Omega 2.4.3 module from OpenEye package [32] [33] [34] [35] [36] . The crystal structure of GSK-3β (PDB entry: 1Q41) in complex with (Z)-1H,1'H-[2,3']biindolylidene-3,2'-dione-3-oxime (IXM) has been downloaded from Brookhaven Protein Database (PDB http://www.rcsb. org/pdb). The receptor was prepared for docking [37] using the FRED RECEPTOR which generated an active site box of 7222 Å 3 and inner contour of 63 Å 3 and outer contour of 2009 Å 3 . We used the docking software FRED [15] [16] [17] [18] [19] [20] [21] to perform rigid protein -ligand docking on the pre-generated multiconformer database of molecules. The FRED docking consists roughly of two steps: shape fitting and optimization. During shape fitting, the ligand was placed into a 0.5 Å resolution grid box that includes all active-site atoms (including hydrogens) using a smooth Gaussian potential [21] . Further, all seven empirical scoring functions available in FRED were employed to score the docking poses: Shapegauss (SG) [21] , Piecewise Linear Potential (PLP) [38] , Chemgauss2 (CG2) [15] , Chemgauss3 (CG3) [15] , Chemscore (CS) [21, 39] , OEChemScore (OECS) [15] , and ScreenScore (SS) [40, 38] . Only the best scored tautomer and/or ionization state was retained for each molecule to perform PLS-DA DOCET consensus scoring evaluation.
PLS-DA method
The PLS-DA is a frequently used classification method that is based on the PLS approach, where the dependent variable is categorical [41] . The PLS-DA can reliably analyze a large number of independent variables, managing also the multicolinearity problem [42] . The procedure implemented in PLS-DA rotates the projection of the principal components in the latent variables space focusing on class separation [43] . The binary Y-variable was defined as follows: -1 for the decoy set and 1 for the indirubin derivatives. The aim is to find a discriminant plane in the principal component space that separates the active with respect to the inactive compounds.
The energetic component outputs of all scoring functions [15] were submitted to the SIMCA P 9.0 package [44] as independent variables to perform initially a Principal Component Analysis (PCA) [45], followed by the PLS-DA analysis. The PCA score plots were examined to distinguish object division into clusters and how much of the variance introduced in the X matrix (independent variables matrix) was explained. The statistical significance of the estimated predictive power and the absence of data overfit for the final model were certified by Y-permutation using 999 randomizations [46] . The dependent variable values are randomly interchanged and novel PLS-DA models based on the same independent variable matrix were built [47] . If the PLS-DA models obtained in this manner tend to exhibit minimal R Y 2 and Q Y 2 values, the chance correlation bias is excluded.
True positive rate (TPR) and false positive rate (FPR) are defined as follows: where TP denotes true positives, FN is the false negative, FP represents false positives, and TN is true negatives.
The TPR is also known as sensitivity and FPR as one minus specificity [48] . Enrichment give information about the improvement of the hit rate obtained by a VS protocol in comparison to random selection and is dependent on the ratio of the active molecules in the database [49] .
where N denotes the number of molecules in database, A is the total number of active compounds and n is the number of molecules in the % top.
Results and discussion

Docking results
In order to evaluate the performance of the docking method, the receiver operating characteristic (ROC) curve, area under the curve (AUC) and enrichment factor (EF) were used [48, 50] . An ROC curve (Fig. 1) describes the evolution of the true positive rate (TPR, y-axis) plotted versus the false positive rate (FPR, x-axis) during the ranking of database (the thresholds were considered at every single compound detection) [50] . The position of ROC curve with respect to the diagonal line (random selection) provides information about the ability of the scoring function to prioritize the true positives with respect to true negatives, whereas the area under the curve (AUC) gives a quantitative measure of the global performance of the method employed [50] . Generally speaking, the effectiveness of the method to discriminate the actives from decoys is directly proportional with the AUC [50]. The AUC allows overall evaluation of virtual screening algorithm, but enrichment factor is essential for the assessment of early enrichment, since only the top ranked compounds are experimentally tested. Along these lines, the enrichment at 2%, 5%, 10% and 25% of the database were calculated ( Table 2) . The values of the AUC parameter are situated between 0.679 for Shapegauss and 0.965 in the case of Chemgauss3, where only two scoring functions Shapegauss and Chemgauss2 performance is below 0.8. These three criteria (AUC, ROC, enrichment factor) designated Chemgauss3 as the best single scoring function to rank the indirubin derivatives with respect to the decoy set ( Fig. 1, Tables 2, 3 ). More negative mean values of interaction energies registered for active compounds were observed for most of the scoring functions and energetic terms (see Table 2 ). In order to obtain a maximum discrimination among these two classes (indirubin derivatives versus decoys) a PLS-DA analysis was performed.
PLS-DA results
The PLS discriminant analysis was involved to improve the ranking of the actives with respect to decoys (see Table 2 ). The PLS discriminant analysis provides a reliable solution to the problem of classification, whilst the output parameters can offer a suggestive graphical representation of class separation [51] .
In the first step of the PLS-DA analysis a PCA model was constructed for the whole X matrix: N = 1887 rows (109 indirubin derivatives and 1778 decoys), and K = 34 columns (32 energetic terms for the X matrix, and 2 columns for dependent variable matrix Y). The PCA on the X block was carried out using variable autoscaling algoritm that multiply the variables by suitable weights to provide them unit variance (i.e., the same importance) [51, 52] . The PCA score plot for the first two principal components accounting for 51.6% of the X matrix information content, generated from the energetic terms, is represented in Fig. 2 . As can be seen in Fig. 2 , the actives (squares, in black) and the inactive compounds (triangles, in red) are separated well enough using these two latent variables alone. Subsequently, the initial PLS-DA model was constructed starting from the same X matrix. In the PLS-DA method the latent variables are constructed to describe the maximum covariance between the X and Y block matrices, allowing the separation of the two classes [53, 54] . In Fig. 3 one can observe the clustering of actives and decoys in the space of the first two PLS latent variables, indicating the opportunity of the PLS-DA method for classification. In order to eliminate the overfitting, six subsequent different PLS-DA models were constructed, retaining in each step only the variables with PLS coefficient significantly different from zero (t-Student test) [52] .
Since the data set is imbalanced -the number of inactives (1778) is much higher than the number of actives (109) -the statistical results for the final model are not spectacular -the cumulative sum of squares (SS) of all the X values explained by all extracted components R 2 X(CUM) = 0.502, the cumulative SS of all the Y's and X's explained by all extracted components R 2 Y(CUM) = 0.416, and the fraction of the total variation of Y values that can be predicted for all extracted principal components Q 2 Y(CUM) = 0.412. Nevertheless, these results are acceptable, bearing in mind the very low difference between the R 2 and Q 2 values (0.004). This last fact indicates a robust, predictable model. The absence of overfit in the final PLS-DA model was assessed by the Y-permutation procedure using 999 randomizations [46] . The plot displayed in Fig. 4 demonstrates that the Y-intercept values corresponding to the R 2 and Q 2 lines do not exceed 0.3, and 0.05 respectively (in fact they are -0.00311, and -0.0148 respectively). These results indicate a valid model, without overfit. In this valid model, nine out of thirty two energetic terms were selected as significant variables for the discrimination between actives and inactives. These variables are CG2_Donor (Chemgauss2 contributions from donors on the ligand interacting with acceptors on the protein), CG3_Steric (Chemgauss3 steric interactions), CS_Lipo (Chemscore interaction between lipophilic atoms), OECS_Lipo (OEChemscore interaction between lipophilic atoms), SS_RB (ScreenScore rotatable bond penalty), SS_ Ambig (ScreenScore ambiguous interactions), SS_HB (ScreenScore hydrogen bonds), SS_Clash (Screencore penalty for clashes with the protein) and SG_SH (Shapegauss shape term) [21] . For seven energetic terms excluding OECS_Lipo and SS_Ambig that shows VIP values below 0.8, all the possible combinations were constructed, their sums were calculated, and the first ten best combinations were selected ( Table 3) . The sums of these equally weighted energetic terms represent the new PLS-DA "mixed" scoring functions.
The performance of CG3 scoring function in addition to AUC (0.965) and enrichment factor at 2% of database (29.358%) is noteworthy. However, these results were surpassed by the AUC values of the resulted PLS-DA combinations of the energetic components (C1-C10), exhibiting AUC values greater than 0.982 and enrichment factors higher than for single scoring functions, exceeding 30% (maximum 33.945%) at 2% of database (see Table 3 ). At 5% of the database the improvement registered by C3 is higher 75.229%, while for the individual scoring function the maximal enrichment factor is 54.128% in the case of Chemscore. The best enrichment factor at 10% of the database is provided by C2 (98.165%) with respect to single scoring function CG3 (82.567%). The improvement of early enrichment is crucial for virtual screening purposes since only the top ranked compounds are tested experimentally.
Analyzing the ten combinations one can observe that two energetic terms are repeatedly included: CG3 steric interactions and SS rotatable bond (CG3_Steric and SS _RB). In combination with Chemgauss2 donor (CG2_Donor), the energetic terms above offer the best separation of indirubin derivatives and decoys (see the AUC values (Table 3 ) and the ROC curve (Fig. 5) ). The CG3_Steric take into account the contacts between protein heavy atoms and heavy atoms of the ligand, and includes a correction term [15, 21] . The steric component accounts also for the potential energy described by two effects: (i) the van der Waals interactions when the ligand is fitted in the binding site, (ii) protein desolvation energy owing to water transfer from the binding site into solvent, disregarding the hydrogen bonds that may take place between water and the binding site [15, 21] . The CG2_Donor term register the hydrogen bonding interaction energy that takes place between the ligand and protein [15, 21] . The SS_RB component from ScreenScore represents a penalty term proportional to the number of rotatable bonds in the ligand [40] . The SS_RB is an important term in our situation since a significant number of compounds display a considerable number of flexible bonds in the decoys (≤11) and ligands (≤9). The selected energetic terms refer to the main interactions that occur in the binding site such as steric, donor and one important penalty term -rotatable bond. Hence, the combination of these terms can constitute a real novel scoring function whose ability to rank the database; especially the early enrichment is superior to that of standard scoring functions for the studied receptor.
Conclusions
A promising workflow in terms of speed and performance for structure-based virtual screening using the rigid docking engine FRED followed by PLS-DA analysis of the energetic terms corresponding to the scoring functions has been applied to indirubin derivatives and CDK-2 DUD decoys, targeting the GSK3β receptor. A new "mixed" scoring function was built. It assembles the energy terms from different scoring functions that illustrate the particular interactions in the GSK-3 binding site. The results obtained demonstrated better evaluation metrics than those obtained employing 'single' scoring functions available "de facto" in the OpenEye package. The present study helped us to identify the optimal modus operandi to acquire the highest early enrichment of actives in the top 2% to 25% of the database for seven classical and ten "assembled' scoring functions. The AUC of 0.965 and enrichment factor of 49.541% at 5% of database for the classical CG3 scoring function represents a good performance for indirubin derivatives. However, the comparison of enrichment factors and AUC provided by the best standard scoring function and PLS-DA outcome showed a better performance of the PLS-DA scoring (AUC= 0.991, EF=75.229% at 5% of the database). In extended virtual screening experiments our mixed scoring function C1 can furnish with very good chances valuable new GSK-3 inhibitors. AUC and enrichment performances at 2%, 5%, 10% and 25% of the database of mixed scoring functions, classical scoring functions and seven energetic terms.*
